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Renewable Energy Communities (REC) can largely contribute to building decarbonization targets and provide
flexibility through the adoption of advanced control strategies of the energy systems. This work investigates
how the role of flexibility sources will be impacted by shifting towards advanced control strategies under a
high penetration of variable Renewable Energy Sources, in the following years. A large residential area with
diverse energy systems, building envelope configurations, and energy demand patterns is modeled with the
simulation environment RECsim, a virtual testbed for the implementation of energy management strategies in
REC. Photovoltaic (PV) panels, Battery Energy Storage and Thermal Energy Storage (TES) of different sizes for
each household provide a realistic description of a REC which includes both consumers and prosumers.

This study explores a scenario in which advanced controllers based on Deep Reinforcement Learning (DRL)
replace existing Rule-Based Controllers in building energy systems across a significant number of buildings. These
control policies are simulated under three different scenarios that consider consumers with different pricing
schemes and TES penetration.

Efficient control strategies, have demonstrated significant potential, regardless of the presence of thermal storage
and ToU pricing schemes, in reducing energy demand by 12.6%, cutting energy costs by 20.8%, and enhancing
self-sufficiency and self-consumption, with minimal impact on Shared Energy. Implementing a flat tariff scheme
under DRL enables consumers to increase their energy demand during periods of PV generation, which is
particularly advantageous in a REC. Also, this approach lowers overall energy demand by 12.6% and boosts
self-sufficiency, and it also decreases electricity exports from the REC to the grid by 18.2% compared to a ToU
tariff scheme. When using ToU tariffs, thermal storage can be used to achieve cost savings, but total Shared
Energy decreases, as do self-sufficiency and self-consumption of the REC. The results indicate that in a REC with
high variable renewable energy and decentralized control, consumers using TES and ToU tariffs with peak prices
during high irradiance periods may not be beneficial for the grid compliance.

In conclusion, the coupling between DRL and thermal storage should be supported by more innovative pricing
schemes for RECs and/or coordinated energy management, although it requires advanced communication and
monitoring infrastructure.

1. Introduction decarbonization involves the integration of Renewable Energy Source
(RES) into the energy supply, as Photovoltaic (PV)-Battery Energy Stor-
age System (BESS) systems and solar-thermal collectors. However, the

reliability and stability of the electrical grid during operation becomes

Buildings are responsible for roughly 40% of the world energy con-
sumption and around 30% of the linked greenhouse gas emissions [1].

Achieving effective decarbonization entails transitioning to electrifica-
tion and concurrently decarbonizing the electricity supply. This primary
involves a more efficient use of energy for lighting, Heating, Ventilation
and Air Conditioning (HVAC), and Domestic Hot Water (DHW), as well
as enhancing building thermal envelope performance. Moreover grid
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challenging as the penetration of distributed resources increases [2].
The compelling need for action led the European Union to the
implementation of a series of mandatory laws, including Directive
2009/28/EC focused on promoting and utilizing energy from renewable
sources (commonly known as the first Renewable Energy Directive or
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Nomenclature

a Energy cost weight factor

B Thermal discomfort weight factor

At Length of the time step (h)

ATiscomfors Comfort violations (°C)

€ Measurement error (°C)

nfffs S Round-Trip efficiency of the Battery Energy Storage Sys-
tem

nTES  Round-Trip efficiency of the Thermal Energy Storage

u Modeling error (°C)

® Self-consumption weight factor

T Thermal Time Constant (h)

A Discrete action space for buildings without Thermal Energy
Storage

ATES Discrete action space for buildings with Thermal Energy
Storage

C Thermal capacitance of building envelope (kWh/K)

Chuy Electricity buying price (€/kWh)
sell Electricity selling price (€/kWh)

e
g'oalef Treak  plectricity demand of the Renewable Energy Commu-

foad nity during off-peak price periods (kWh)
E;ZZ,[’” °?k Electricity demand of the Renewable Energy Community
during peak price periods (kWh)
,’ZI,‘Z,’ Total electricity demand of the Renewable Energy Commu-
nity (kWh)
Egia Electricity exchange between building and grid (kWh)
E;, Electrical energy input of Battery Energy Storage System

(kWh)
Ejpud Building electrical energy demand (kWh)

E,om Nominal electricity capacity of Battery Energy Storage Sys-
tem (kWh)

E,. Electrical energy output of Battery Energy Storage System
(kwWh)

Epy Electricity generation of a building (kWh)

HG;,, Internal Heat Gain (°C)

HG,,  Solar Heat Gain (°C)

HG,,,, Ratiobetween solar Heat Gain and internal Heat Gain
H Py, cgpaciry Heat Pump thermal capacity (kWh)

i Index for day of simulation
Ky Percentage loss of State-of-Charge of Thermal Energy Stor-

age

N Number of simulation days

P Average power requested by the Renewable Energy Com-
munity (kW)

pmex Maximum power requested by the Renewable Energy Com-
munity (kW)

Py may ~ Maximum power input of Battery Energy Storage System
(kw)

P, Power input of Battery Energy Storage System (kW)

Pumax Maximum power output of Battery Energy Storage System
(kw)

P, Power output of Battery Energy Storage System (kW)

0O, Thermal energy input to Thermal Energy Storage (kWh)

O)ad Building thermal demand (kWh)

Q,om Nominal thermal capacity of Thermal Energy Storage

(kwWh)

O our Thermal energy output from Thermal Energy Storage
(kwh)

Om Thermal input to thermal zone (kWh)

R Thermal resistance of building envelope (K/kW)

RC

.atic  Ratio between thermal resistance and thermal capacitance

of building envelope

SoCBESS  State-of-Charge of the Battery Energy Storage System

SoC mB‘f(S S Maximum allowed State-of-Charge of the Battery Energy
Storage System

S oC,fiES S Minimum allowed State-of-Charge of the Battery Energy
Storage System

SoCTES  State-of-Charge of the Thermal Energy Storage

SP,, Lower temperature set-point (°C)
SP,,_pack Set-back temperature (°C)

SP,p Upper temperature set-point (°C)

t Time step index

T; Zone temperature of building (°C)

Tout Outdoor temperature (°C)

To Equivalent Heat Gain temperature (°C)
Acronyms

ANN Artificial Neural Network
BESS Battery Energy Storage System
CoP Coefficient of Performance

DHW Domestic Hot Water

DQN Deep Q-Network

DR Demand Response

DRL Deep Reinforcement Learning

EC Energy Community

EV Electric Vehicle

FF Flexibility Factor

HP Heat Pump

HVAC  Heating, Ventilation and Air Conditioning
KPI Key Performance Indicator

MARL  Multi-Agent Reinforcement Learning
MDP Markov Decision Problem

ML Machine Learning

MPC Model-Predictive Control

PAR Peak-to-Average ratio

POMDP Partially Observable Markov Decision Problem

PV Photovoltaic
RBC Rule-Based Control

RC Resistance-Capacitance
RL Reinforcement Learning
REC Renewable Energy Community
RES Renewable Energy Source
SAC Soft Actor-Critic

SC Self-Consumption

SE Shared Energy

SoC State-of-Charge

SS Self-Sufficiency

TES Thermal Energy Storage
ToU Time-of-Use
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RED) [3]. Additionally, Directive 2010/31/EU aimed to enhance energy
efficiency in buildings, and Directive 2012/27/EU focused on overall
energy efficiency. In November 2014, the European Commission prior-
itized a resilient energy union with a forward-looking climate change
policy as a primary objective. This led to the launch of the European
Energy Union Strategy in February 2015. A significant outcome of this
strategy was the introduction of a set of proposals collectively known
as the Clean Energy for all Europeans Package [4]. These proposals re-
sulted in the adoption of eight legislative acts between 2018 and the
first half of 2019, through which the European Union revamped its en-
ergy policy framework. These acts include the revised Renewable Energy
Directive 2018/2001, often referred to as REDII, and the Directive con-
cerning common rules for the internal electricity market, 2019/944,
known as the Electricity Market Directive (EMDII) [5]. The concept
of Energy Community (EC) has been officially introduced in European
legislation [6], primarily through Directive 2018/2001 (REDII) and Di-
rective 2019/944 (EMDII). In the context of these directives, the ECs
that are addressed in this paper align with the vision of Renewable En-
ergy Community (REC) outlined in REDII, rather than the Citizen Energy
Communities defined within the framework of EMDII. Also, REDIII was
recently approved by the European Parliament to encourage swift ap-
proval from member states for small scale renewable energy projects
and promotes REC involvement in electricity programs via Demand Re-
sponse (DR) [7].

REC can be seen as a virtual aggregation of small energy consumers
and prosumers, including households or small commercial buildings but
also private and public offices. Public or private members can join a REC
but are not allowed doing business out of their participation. The pres-
ence of RES is mandatory to establish a REC as well as its no-profit na-
ture, since the main objective is providing access to a sustainable energy
production for everyone and to contribute in reducing energy poverty.
In REC, two Self-Consumption (SC) schemes are available: physical and
virtual [8]. Physical SC involves the use of locally generated renew-
able energy within the community, that is transferred from prosumers
to consumers through a physical connection. This scheme requires to
establish a physical connection between peers, so that it results more
costly and difficult to implement. In contrast, virtual SC foresees that
all prosumers and consumers exchange energy through the same distri-
bution grid. In this last case, smart-metering infrastructure is in charge
of monitoring and recording energy flows at least on hourly basis to
account the share of energy injection and withdrawn. Many European
countries have issued policies to push the profitability of RES through in-
centives on the Shared Energy (SE). Energy Sharing refers to prosumers
and consumers that exchange electricity through the same distribution
grid. The SE is computed on a hourly basis as the minimum between to-
tal energy injected by all prosumers that have energy surplus and total
energy withdrawn by the consumers and prosumers that are not able to
meet the demand through their own PV generation.

REC could play a crucial role in the decentralization of the energy
systems and the exploitation of locally sourced renewable energy. The
increased generation capacity within distribution networks can influ-
ence both the amount and cost of energy within the electricity market,
along with the safe operation of transmission and distribution networks
[91[10]. For this reason, a REC can mitigate the challenges posed to the
electrical grid by the unpredictable nature of RES, and building energy
flexibility can help to optimize the operation of the REC through demand
side management. According to the EPBD recast the energy flexibility is
intended as the capacity of active customers to react to external signals
and adjust their energy generation and consumption, individually or
through aggregation, in a dynamic time-dependent way [11]. This flex-
ibility has to be leveraged while maintaining user thermal comfort and
in general a good quality of the indoor environment. Managing energy
flexibility through the aggregation of buildings i) facilitates a systemic
approach to building design, where factors like retrofitting, technolo-
gies, strategies for enhancing energy efficiency and minimizing CO2
emissions are considered at a district level and ii) enables the exploita-
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tion of diverse energy consumption patterns among various building
types, facilitating coordinated load management [12][13][14][15]. One
of the strategies to promote building energy flexibility is to focus on
maximizing SC at community level. This means that energy manage-
ment strategies optimize the use of locally energy generated from RES,
rather than relying heavily on energy storage solutions [16][17]. Com-
munities that place a strong emphasis on SC are taking a step towards
reducing their reliance on external energy sources [18]. Moreover, the
utilization of locally generated renewable energy mitigates losses asso-
ciated with long-distance electricity transmission, leading to an overall
improvement in the efficiency of the whole energy system [19,9].

In REC, the overall self-consumed energy can be theoretically in-
creased by increasing the total installed capacity of renewable genera-
tion. However, without effective coordination strategies, a simultaneous
rise in the energy injected into the grid occurs beyond a certain size of
the generation systems. Additionally, the rate of SC tends to decrease
[20]. For this reason, energy management strategies are crucial in the
operation of a REC to increase the remunerated share of energy gener-
ation and to ensure grid stability at the same time.

Given the complexity of the problem, advanced and predictive con-
trol strategies that can handle multiple objectives are mandatory for the
REC flexibility to be properly exploited. Energy management strategies
empower consumers and prosumers to enhance grid flexibility by shift-
ing loads, or generating and storing energy at specific periods of time.
HVAC systems can contribute to these strategies by adjusting tempera-
ture set-points during load reduction periods, engaging load shifting by
means of pre-heating/cooling strategies (passive energy storage) [21],
or actively storing energy in dedicated systems as Thermal Energy Stor-
age (TES) [22][23]. Thermostats equipped with DR functionality can
provide energy savings for residential customers by allowing electric-
ity providers to adjust temperature settings during peak-demand events
[13][24]. This is allowed by the availability of communication technolo-
gies that enable various systems (such as PV, HVAC, storage, Electric
Vehicle (EV), thermostats, etc.) to exchange operational data, gather
information from the grid and unfold the concept of efficient grid-
interactive buildings [25].

At the district level, coordinated energy management strategies are
needed to engage in flexibility programs and to prevent rebound effects.
To make DR effective, load control needs to be highly responsive, adap-
tive, and intelligent. Simultaneous responses from participants receiving
the same signals can inadvertently shift electricity peaks rather than
reducing them. Eventually, grid-wide objectives can only be achieved
through the coordination of the flexibility sources relying on advanced
control strategies at cluster level.

1.1. Related works on advanced control architecture for the optimal
operation of renewable energy communities

Various control architectures have been proposed in literature to
coordinate the operation of cluster of buildings such as RECs [26]. In
principle, a centralized control scheme has the potential to optimize
cluster-level operations more effectively than a distributed architecture,
even though the distribution of the computational tasks to local con-
trollers at the building level reduces processing times compared to a
centralized controller. In a hierarchical structure, the overarching con-
troller facilitates extensive information exchange, which can enhance
cluster-level optimization when compared to a distributed approach,
but it comes at the cost of increased communication and model devel-
opment demands. It is expected that the distributed and hierarchical
approaches will gain popularity, especially as technological advance-
ments in smart metering and communication infrastructure continue to
evolve and become cost-effective. However, the technological advance-
ment in the residential sector, and thus in REC are slowed down due to
high cost of implementation with respect to the expected savings [27].

Learning and acting in environments with high-dimensional state
and action spaces is challenging, thus most of the past works on ad-
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vanced control architecture focused on clusters including a limited num-
ber of buildings. Classical controller as Mixed-Integer Linear Program-
ming has been tested with good results [28][29], but the complexity of
the control problem makes them not suitable for real applications.

Advanced control systems play a pivotal role in enabling flexibility
assets by automating energy system operations and adapting to individ-
ual occupants and building energy demand patterns.

Control algorithms like Model-Predictive Control (MPC) and Deep
Reinforcement Learning (DRL) have been proposed for various build-
ing control applications. While both methods have intrinsic drawbacks,
such as MPC requiring an accurate model and DRL being data-intensive,
they have shown impressive performance and results in recent years
[301[31]1[32]. Additionally, hybrid methods that combine both ap-
proaches have recently emerged as in [33] where MPC is used as a
function approximator for a DRL agent. Other Machine Learning (ML)
methods have been also used to support control algorithms with fore-
casting of energy demand, production and disturbances [34][35][32].
MPC is proven to be effective to coordinate multiple buildings when
adopting a centralized control architecture in REC. In [34], a simulated
community of fifteen consumers sharing a common PV generation that
caters to their collective electrical needs, employed a Time Delay Neu-
ral Network to predict forthcoming energy-related variables within the
community. These predictions were fed to a stochastic MPC to optimize
the management of a BESS. A further application is provided by [36],
where a smart community was equipped with a chiller-driven district
cooling and EV charging stations at individual building level. A stochas-
tic MPC was employed to minimize energy costs associated with thermal
regulation and EV charging, encompassing both Time-of-Use (ToU) and
demand charges, while ensuring compliance with thermal comfort re-
quirements and charging needs. In [37], a REC including also EV at
individual building was operated to enhance the utilization of energy
generated from RES by orchestrating the EV charging process through
the use of smart metering and intelligent charging techniques. In this
community, members were compensated for utilizing energy generated
by RES. A large control problem with 100 households was explored
in [38], where each household was equipped with its own RES and
BESS. In that scenario, a central controller managed the BESS units of
the community members to minimize their electricity expenses. The re-
search findings highlighted that the centralized control approach led to
more substantial cost savings when compared to the alternative scenario
where each member independently applied local optimization strate-
gies.

In contrast to MPC, DRL is an adaptive and potentially model-free
control algorithm. It is an agent-based ML algorithm that learns optimal
actions through interactions with its environment. Unlike supervised
learning, the agent does not rely on large amounts of labeled data, and
unlike unsupervised learning, it receives delayed feedback from the en-
vironment. In essence, the agent selects an action for a given input,
observes an immediate or delayed reward from the environment, and
uses this feedback to improve its policy under specific circumstances.

DRL can be categorized as single-agent DRL or Multi-Agent Rein-
forcement Learning (MARL). MARL is described as a Markov Game,
where multiple agents interact in the same environment [39]. MARL
is better suited for environments with high-dimensional state and ac-
tion spaces that involve cooperation or competition among agents. With
MARL, grid-level objectives like peak reduction and SE can be opti-
mized. In the context of MARL, the primary aim is often creating local
control strategies that minimize or eliminate the need for constant com-
munication among controllers during operation. However, MARL envi-
ronments encounter two main challenges: (i) Non-stationarity, mean-
ing that the statistical characteristics of the environment change over
time due to evolving policies of other agents during training, (ii) Non-
uniform reward structures, which often complicate the learning process.
Therefore, when using MARL algorithms to control groups of build-
ings, specialized algorithms to address non-stationarity are needed, as
well as a careful formulation of reward functions for each control agent
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[39]. Conversely, single-agent DRL solutions can easier search control
providing optimal solutions from a centralized perspective. However,
this comes at the cost of requiring continuous communication of ob-
servations between buildings and the central controller, which can be
problematic due to the lack of suitable communication infrastructure
and privacy and security concerns. Moreover, when multiple buildings
collaborate to provide services to the grid, it becomes essential design
the operational reward for each building in a manner that reflects its
contribution. Consequently, the design of reward functions and the con-
sideration of coupling operational constraints can potentially transform
the control problem into a competitive game [40].

Some coordinated approaches for DRL algorithms have been devel-
oped in recent years.

In [41], an energy management framework was developed, where
participants utilized EV, PV-BESS coupling, space heating, and flexible
loads. Prosumers collaborated to reduce overall system costs, including
grid, distribution, and storage expenses, using two architectures: cen-
tralized and distributed. The centralized approach employed a single
Q-table, while the decentralized method allowed each agent to man-
age an independent Q-table without sharing information. The latter only
converged with a marginal reward function and an optimization-based
exploration.

In [42], coordination was achieved in a distributed architecture ac-
cording to the following the leader fashion. Cooling storage and DHW
storage for 9 buildings were operated while maintaining thermal com-
fort to optimize district energy consumption and compared with a Rule-
Based Control (RBC).

A notable approach is the Centralized Training with Decentralized
Execution (CTDE), where a central critic network is trained while de-
centralized policies operate during the execution phase. In this way, the
information exchange is only foreseen during training. However, DRL
typically needs a dynamic deployment phase for fine tuning of the poli-
cies [43].

In [44], an example of CTDE approach is provided in a residential mi-
crogrid with shared PV and BESS. BESS were coordinated with a diesel
generation and controllable loads to minimize energy cost. The proposed
algorithm showed good scalability and an effective performance with-
out information exchange during deployment.

In GridLearn [45], a 33-bus distribution network with six buildings
per bus was simulated, involving actions related to HVAC thermal en-
ergy storage, DHW thermal energy storage, PV curtailment, and inverter
phase lag. Half of the buildings utilized DRL control, while the remain-
ing were operated with a RBC strategy. The decentralized control was
able to reduce the voltage violations in buildings controlled by the DRL
control strategy.

In [46], a virtual community was established, comprising 17 house-
holds equipped with PV-BESS systems. Separated Soft Actor-Critic (SAC)
control agents were employed in each household to independently op-
timize the operation of their BESS unit, with the goal of minimizing the
net energy exchange with the grid. This decentralized approach outper-
formed the reference RBC. However, it is important to note that in cases
of uncooperative control without information sharing, undesirable out-
comes such as peak shifting can still arise.

In [47], 100 buildings were simulated and controlled by 100 inde-
pendent DRL agents for energy storage system management, where, at
each time-step, electricity consumption was minimized. Agents were en-
couraged to use energy storage to achieve the above objective through
penalty factors. Energy demand was diversified across buildings, even
though the size of PV and BESS was fixed for each building. Each build-
ing was equipped with an air-to-water Heat Pump (HP) to meet space
thermal demands and an electric heater for DHW. The sizing of both the
HP and electric heater was meant to cover peak hourly loads. However,
this work did not take into account SE and pure consumers.

In the following subsection, the main gaps in the existing literature
are identified and discussed with the aim to outline the contributions of
the present work.
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1.2. Contribution and structure of the work

From the literature review, it is evident that past research has con-
tributed with numerous advanced energy management algorithms for
diverse scenarios. Nevertheless, the majority of these works focused
on the comparison of various advanced control strategies that optimize
global objectives in small clusters of buildings, relying on extensive com-
munication and monitoring frameworks. However, this infrastructure is
often not available in the residential sector, while advanced control sys-
tems that could optimize energy consumption promoting efficiency, and
facilitating the integration of renewable energy sources strongly rely on
them. In this context, centralized control architectures are not expected
to be widely adopted in the residential sector because of the low rate
of return on investment. Moreover, the thermal dynamics of buildings
have not always taken into account.

In this work, the author emphasizes the lack of analysis on the role
that flexibility assets like ToU and TES can play in large residential areas,
where buildings are not collaborating but are optimizing for individual
objectives like energy cost and indoor temperature control with a de-
centralized architecture. In the following years, the typical RBC used in
current building energy systems are expected to be replaced by more
advanced controllers. The study evaluates the advantages and disad-
vantages of this transition, and specifically analyzes how the flexibility
sources of the consumers of a REC impact on their ability to accom-
modate distributed resources provided by prosumers. In fact in a REC,
consumers should be flexible to adjust their load profile, and achieve
cost savings. However, TES and ToU have been originally conceived to
discourage consumption during the daylight, but in a REC this may be
not compliant with the grid objectives.

Ultimately, this research provides insights for designing energy sys-
tems and pricing schemes in a district of buildings, ensuring both grid
compliance and energy savings for individual members of a REC.

To this purpose, a large residential area including 50 households
with diversified energy systems, envelope features and energy demand
patterns was analyzed. Each household used a reversible Air-to-Air HP
to meet the cooling needs and may be equipped with PV, BESS and TES
of different sizes to provide a realistic representation of a real-world
REC. A virtual energy sharing is enabled, and the grid is supposed to be
always able to meet energy demand and accommodate PV surplus gen-
eration. Two control strategies were designed to operate the thermal
energy systems of the REC. A RBC was adopted to simulate a common
policy that is currently implemented in the existing building stock, while
a DRL control strategy was chosen to simulate the implementation of an
advanced controller that can optimize an objective function and could
be potentially deployed in the next years. The objective function of each
control agent is not influenced by the behavior of other agents; in fact,
this study aims to explore the impact of advanced control strategies in
a large cluster of buildings on community-wide Key Performance Indi-
cator (KPI) for the grid, without any coordination among agents. Three
scenarios have been generated for the consumers with different rates of
penetration of TES and ToU pricing scheme, whereas prosumers kept
the same configuration.

The simulation environment RECsim developed by the authors was
adopted [48]. This environment is conceived to enable the set-up of
large cluster of buildings with different rate of penetration of various
technologies such as the PV-BESS systems and TES, also considering the
building thermal dynamics. On the basis of the reasoning above dis-
cussed, the main contributions of the present paper can be summarized
as follows:

+ The virtual simulation environment RECsim, enabling the control of
flexibility assets in a large residential REC is presented. The simula-
tion environment is completely developed in Python, and it follows
the OpenAl Gym framework which is a standardized interface for
control-oriented simulation. The simulation environment was con-
ceived to simulate a REC operation with different advanced control
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strategies including a large number of residential buildings with
diversified energy systems and envelope structures. The simula-
tion environment uses gray-box modeling approach to estimate the
building dynamics and it has a modular structure with each mod-
ule easily accessible and with the opportunity to be updated. To
the best of author knowledge existing simulation environments do
not allow to benchmark the performance of advanced control ar-
chitecture for a large number of buildings with the possibility to
differentiate the size and type of integrated energy systems.

The study focused on evaluating the transition from the current en-
ergy management strategies of HVAC systems, which are typically
based on simple rules, to more advanced control strategies in the
context of high penetration of PV generation in a REC, with partic-
ular reference to the contribution of the consumers. This approach
is relatively underexplored in the existing literature, as previous
studies have primarily focused on comparing various advanced con-
trollers for coordinated energy management in small clusters of
buildings.

The role of flexibility sources such as TES and ToU tariffs for the
consumers of a REC, traditionally used to alleviate grid stress during
peak demand, is analyzed with the implementation of advanced
control strategies and under high penetration of distributed PV. We
explore how these elements can be repurposed in this new context.

The paper is organized as follows: Section 2 describes the RECsim
simulation environment, Section 3 reports a detailed description of the
control problem and of the methodologies adopted, Section 4 introduces
the case study. Section 5 reports the results and Section 6 critically dis-
cuss them, while in the last Section 7 conclusions and future perspectives
are reported.

2. RECsim environment

RECsim is a virtual simulation environment for residential REC. This
environment has been conceived to reduce the tuning effort in develop-
ing diversified energy systems and building envelopes for each house-
hold of a REC by setting the penetration rate of various technologies
and by sampling the envelope features from probability density func-
tions that are retrieved from a large and real operational dataset. Several
technologies are available in RECsim such as PV, BESS, TES and EV.
However, EV are not taken into account in this work. The simulation en-
vironment is built entirely using Python and adheres to the OpenAl Gym
framework, which provides a standardized interface for control-oriented
simulations. The RECsim class is initialized by calling RECsim() and pro-
viding the input parameters categorized into three groups: i) simulation,
ii) building, and iii) energy systems. Prior to the commencement of each
control episode, the reset() function is invoked to reset KPI and storage
State-of-Charge (SoC). Subsequently, the step() function is employed to
execute the control action. Fig. 1 shows the schematic of the REC in
RECsim.

2.1. Modeling of building thermal dynamics

A gray-box approach is employed to assess the thermal demand
of each building within the environment. The Resistance-Capacitance
(RC) model from [49] has been selected, that is tuned using real data
on indoor air temperature and HVAC operation collected from a large
sample of residential buildings in the United States from the ECOBEE
dataset [49]. The thermal characteristics of each building are summa-
rized by two parameters: the thermal time constant 7 and the equivalent
heat gain temperature T;qG. Each building is treated as a single-zone
structure, with a single representative temperature for thermal comfort,
denoted as T},. The simplified model for computing T, at the next time
step is described by Equations (1):
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Fig. 1. REC configuration in RECsim.

out in

Fig. 2. Resistance-Capacitance model for the modeling of building thermal dy-
namics.

Tinge1 = e Ai/T. Tins + (1= eim/r) *(Tout + Oint + Qo1+
H+R-Oy)+e

Oine = T:[qG cHG, g - Qint, sched @

Oso1 =Ty (1 = HG 411,) - Osol, sched

R=(c-RC,py)"?

Where At is the length of the time step, T, is the outdoor air tem-
perature, Q,;, is the thermal input from the HVAC system, y represents
modeling uncertainty, e is the measurement error, RC,,;, is the ratio
between thermal resistance R and thermal capacity C, and HG,;, is
the ratio between internal heat gain and solar heat gain. Oy scheq @nd
Osol, sched are daily schedules for internal and solar heat gain. In Fig. 2, it
is shown the 1R1C model that was used to fit the parameters described
above. The historical data comes from the ECOBEE dataset which col-
lects the indoor air temperature and period of utilization of the thermal

energy systems for about 85,000 households in the United States.

dT(t) _ T,() = T,(0)

dt R
Equation (2) represents the thermal balance of the node. 7}(¢) is the in-
door temperature at time ¢, 7,(¢) is the outdoor temperature at time ¢,
R is the thermal resistance, C is the thermal capacitance, Qy¢(?) is the
internal heat gain at time ¢, # is the modeling error, u(t) is the thermal
energy delivered by the thermal system at time ¢ and e(t) is the measure-
ment error at time . For any other specification, the reader can refer to
[49].

C

+ Oug(®) + nu(®) + e(1) (2)

2.2. Heat Pump model

Buildings in the REC can be equipped with a reversible Air-to-Air
HP, whose size depends on the thermal load of each household. Accord-
ing to [50], the main factor that affects the Coefficient of Performance
(CoP) is the temperature difference between outdoor air temperature
and the supply temperature AT, thus the dependence on modulation is
not considered in this work. The supply temperature was set as an in-
put parameter for both the cooling and heating seasons, and it remains
unchanged within each season. Equation (3) reports the CoP function
adopted for the simulation of HP electrical consumption:

CoP =6.81 —0.121AT + 0.00063AT?> )

Where AT is the temperature difference between outdoor air tempera-
ture and the supply temperature.

2.3. Appliances, occupancy and DHW model

The simulation of appliances, occupancy and DHW demand is in
charge of the demod households simulator. This is a Python library for
bottom-up domestic energy demand models. SparseTransitStatesSimula-
tor and CrestLightingSimulator are adopted to simulate occupancy, and
lighting, while appliances are modeled according to the OccupancyAppli-
anceSimulator model, developed in [51] and [52]. Also, households are
diversified according to the number and type of occupants as allowed by
the demod simulator. Fig. 3 shows how the models communicate with
each other to exchange information.

Moreover, the occupancy model provides two occupancy-related sta-
tus which are referred to as occupancy and active occupancy. Occupancy
typically occurs at night when occupants are sleeping or resting, while
active occupancy foresees the utilization of appliances or common home-
activities.

Detailed information is reported in demod documentation in [53].

2.4. Photovoltaic model

The power output of the PV module is generated through the Python-
based pvlib library, which facilitates the simulation of a system compris-
ing the PV panel and its connected inverter. Two databases are available
for PV and inverter technical specification, namely Sandia and SAPM.
Moreover, a Typical Meteorological Year is available to provide solar ra-
diation and ambient temperature. pvlib enables the computation of solar
positions based on the time of the year and the geographical location
of the PV system, and azimuth and tilt angles of the PV modules are re-
trieved from the input parameters of the environment to determine the
incident radiation on the PV surface. Further documentation is available
in [54].
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Transition/duration probabilities
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DHW thermal demand

CrestLightingSimulator

Lighting electrical demand

Fig. 3. Demod framework for the simulation of occupancy, appliances and DHW.

2.5. Thermal Energy Storage model

The TES model exploits a first-order approach that was retrieved
from [55]. The model is equipped with constraints on the maximum
allowed charge and discharge to complete the charge/discharge process
in minimum 3 hours. Also, the discharged energy can not overcome the
building thermal demand, as well as the HP thermal capacity further
limit the charge phase. Equation (4) reports the thermal balance of the
TES:

dSoCTES(ty  0,,(0—0uu® [1gs TES
s T A mES S0 0~ Kipe) )

Where SoCTES(1) is the state of charge at time ¢, Q,,(t) is the thermal
energy input to storage during time step ¢, Q,,,(?) is the thermal energy
output from storage during time step ¢, Q,,,, is the total thermal en-
ergy storage capacity and K|, represents the percentage loss of energy
during each time step 7.

The constraints for limiting storage charge are represented by Equa-
tion (5):

0
Qin(t) < max <% > HPth.capaeity) 6]

And the constraints for limiting storage discharge are reported in
Equation (6):

Qour(t) < max <% ) Qload) (6)

Where Q,,,, is the building thermal demand, and H P, is the HP

thermal capacity.

h.capacity

2.6. Battery Energy Storage model

A model was developed for simulating BESS, employing a first-order
energy balance. This model tracks the SoC of the battery, taking into ac-
count maximum and minimum SoC limits to safeguard battery health.
Additionally, it enforces limitations on the maximum charge and dis-
charge power to control the energy transfer rates. Moreover, this model
allows the battery to charge solely from surplus PV energy, while also
preventing the discharge of energy into the grid. The SoC dynamic in
the first-order model can be represented in Equation (7):

dSoCBESS(ty  Ej() = Eu(t) [rss @
dt - E ’1r1€

nom

Where SoCBESS (1) is the SoC at time ¢, E,,(t) is the input energy to
the battery during time step ¢, E,,(¢) is the output energy to the battery
during time step ¢, E,,,, is the nominal capacity of the battery and r]fffs S
is the Round-Trip efficiency.

The constraints on maximum and minimum SoC can be represented

in Equation (8):

SoCBESS < §oCBESS (1) < SoCBESS ®)

max
Where SoCBESS is the minimum allowable SoC and SoCBESS js the
maximum allowable SoC.
The constraints on maximum charge and discharge power can be
represented as in Equation (9):

Pin,max 2 Pin(t) 2 0 (9)
0> Pout(t) > _Pout,max
Where P, ., is the maximum allowable charge power and P, ., is

the maximum allowable discharge power.
Equation (10) finally reports constraints on the energy exchanged
with the grid:
E;,(t) <max (Epy (1) = Ejyq(1),0) 10)
| Egi ()] < max (Ejq (1) = Epy(1),0)

Where Epy (1) is the PV energy delivered during time step ¢ and E,, (1)
is the building electricity demand during time step ¢.

2.7. Design strategy

The energy systems may have different design strategies that impact
on the operational results. RECsim provides an embedded design strat-
egy for HP, TES, BESS and PV to reduce the tuning effort from the user.

The HP thermal capacity is designed to ensure that indoor tempera-
ture remains within the comfort range during the worst outdoor condi-
tions. The TES is designed to achieve a full charge by the HP, within a
specified time frame denoted as tes_sizing_f actor, which is an input pa-
rameter of the simulation environment. The PV system is sized to deliver
a maximum electric power output equivalent to 50% of the thermal ca-
pacity of the HP. This is done to ensure a minimum amount of surplus
generation since a REC should enable consumers to have a role in maxi-
mizing SE. Additionally, the BESS is tailored to meet the electrical load
demands of the HP while working at its nominal CoP.
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3. Formulation of the control problem

Each building is controlled by an agent that operates the HP, and TES
when present. The only information available is related to the state of
the systems where the controller is operating, since the sharing of infor-
mation between agents is not permitted. Two control strategies for the
thermal energy systems of the buildings are then simulated and com-
pared. The baseline is composed by two classical RBC strategies while
the advanced control strategies adopt Deep Q-Network (DQN) agents
that select the optimal actions.

Some considerations are needed to discuss the choice of the above
control strategies. In the context of our study, RBC is not used as a
benchmark for DRL performance. Rather, it was specifically designed
to simulate a controller that is largely employed in the energy systems
of the current residential building stock.

As regarding the choice of the advanced controller, a comparison
between MPC and DRL is beyond the scope of this research. The primary
objective is to employ a control policy to optimize the electrical load
profile of the EC, and both methods can be seen as valuable options.

However, due to the high computational demands associated with
MPC, DRL was selected as the control method for this study, since it is
comparatively lightweight and easier to implement for a cluster of 50
buildings.

3.1. Baseline control

Two RBC logics are adopted as a baseline strategy to control the HP
and the TES. One of these control logic is a thermostatic RBC that is
designed to maintain the indoor temperature within a predetermined
comfort range. When the indoor temperature falls above the upper limit
of acceptability and the building is actively occupied, thermal energy is
supplied to the building either by the HP or by the TES, reducing it to
the lower limit of the comfort range.

Once the indoor air temperature rises above the upper limit of the
comfort range, the building is provided with the thermal energy until it
is cooled down to the lower limit of the comfort range. This means that
the building is provided with thermal energy when indoor air tempera-
ture is higher than the upper limit of the comfort range, or if the indoor
air temperature is higher than the lower limit of the comfort and ther-
mal energy was already provided during the previous timestep. During
unoccupied period the system is turned off, while during resting peri-
ods a setback temperature is imposed. In Fig. 4 the pseudo-code of the
RBC strategy that defines whether thermal zone requires thermal energy
from the HVAC or not during the cooling season is shown.

The TES control strategy aims to reduce the peak energy demand
by shifting energy consumption to off-peak hours. During periods of
low electricity prices, the TES is charged using the HP until it reaches
full capacity. Conversely, during peak-price periods, the TES discharges
thermal energy whenever the building requires it, provided that the SoC
is above zero [56]. Fig. 5 shows the pseudo-code of the RBC strategy for
the TES.

3.2. Proposed deep reinforcement learning control

3.2.1. Theoretical background

In the field of DRL, a control agent obtains the optimal control strat-
egy through a trial-and-error process in interaction with the controlled
environment. DRL can be mathematically described as a Markov De-
cision Problem (MDP), characterized by a 4-value tuple: state, action,
transition probabilities and reward function. The state is a mathematical
depiction of the controlled environment, comprising a set of features
provided to an DRL agent for determining a control action, commonly
known as an observation. If some state information is not available to the
agent, the control problem becomes a Partially Observable Markov De-
cision Problem (POMDP). The action corresponds to the control signal
that the agent deems most appropriate for application to the system. The
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Algorithm 1: RBC for the definition of the building thermal de-
mand
Input : T, e, SPupp, SPiow, SPset—back, Occupancy status
Output: Qs

if Active occupants > 0 then
if Q%! > 0 then
while T}, > SP,, do
| Provide thermal energy to the building
end
end
else if T;, > SP,,, then
| Provide thermal energy to the building
end
end
else if Occupants > 0 then
while T, > SPiet—pack do
| Provide thermal energy to the building
end
end
else
| No thermal energy to the building
end

Fig. 4. RBC strategy for building thermal demand during the cooling season.

Algorithm 2: RBC strategy for TES
Input : Chyy, SoCTES, Qy,
Output: TES operation status
if Chyy is low then

| Keep the TES at least at 90% of the maximum SoC
end
else if Cy,y is high then
if Qi > 0 then
if SoCTES > () then
| Discharge TES to meet Q;
end
else
| Use HP to meet Qy,
end
end
end

Fig. 5. RBC strategy for TES.

transition probabilities define the probability of the environment transi-
tioning from one state to another (denoted as s’) when a specific action
(a) is executed on the system. The reward function (r) assesses the control
agent performance in achieving its intended goals.

The primary goal of an DRL control agent is to obtain an optimal
control strategy represented as pi. This control policy establishes the
relationships between states and control actions, with the aim of maxi-
mizing the cumulative rewards earned in the future [57].

Two approaches can be adopted to search the optimal control policy
in the DRL framework: value-based methods and policy-based methods.
Value-based methods aim at acquiring a value function, which assesses
the consequences and advantages associated with choosing a specific ac-
tion a from a given state s. Conversely, policy-based methods avoid the
use of the value function and aim to directly learn the optimal control
policy, referred to as pi. Typically, value-based approaches are known
for their simplicity, while policy-based methods demonstrated superior
convergence properties and the ability to tackle uncertain, and contin-
uous problems.

Another aspect of DRL algorithms is the policy methods, that have
two possible alternatives: on-policy and off-policy methods. On-policy
DRL algorithms attempt to improve the policy that is used by the agent
to make decisions, whereas off-policy methods have two separate poli-
cies to be updated and to make decisions [57].

According to [58], the optimal action-value function Q(s, a) is de-
fined as the maximum expected return given any strategy. The basic
idea behind many DRL algorithms is to estimate the action-value func-
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tion, by using the Bellman equation reported in Equation (11) as an
iterative update:

Qi+l(s,a)=E[r+y~maxa/Qi(s',a’)|s,a] an

where y is the discount factor for future rewards. In practical terms, this
method is not viable because the action-value function is estimated in-
dividually for each sequence, making it impractical. Instead, a function
approximator is often used to estimate the action-value function as in
Equation (12):

0O(s,a;0) = O(s,a) 12)

Linear and non-linear function approximators can be exploited to
compute the Q-value. Artificial Neural Network (ANN) is often preferred
for this task and is represented by the weights §. A Q-network can be
trained by minimizing a sequence of loss functions L;(6;) that changes
at each iteration i. Equation (13) reports the loss function:

Li(0)) = E 4y [(; — Q(s,a:0,))°] 13)
where y; = Eg_ [r+y-max,QO(s',a’;0,_))|s, a) is the target for iteration
i and p(s, a) is a probability distribution over sequences s and actions a.
The parameters from the previous iteration 6;_; are kept fixed during
the loss function L;(6;) optimization. The gradient of the loss function
with respect to the weights can be expressed as in Equation (14):

Vo, Li(0)=E (r+y-maxy0(s',a';6;,_))

—0(s,a,0,)V4,0(5,a:0)] a4

Instead of computing the complete expectations in the gradient men-
tioned above, it is often more computationally efficient to optimize
the loss function using stochastic gradient descent. It is worth noting
that this algorithm is model-free, meaning it directly solves the rein-
forcement learning task using samples from the emulator E, without
explicitly constructing an estimate of E. In practice, the behavior dis-
tribution is often determined by an e-greedy strategy that follows the
greedy strategy with probability 1 - ¢ and selects a random action with
probability e.

In this work, DQN algorithm from Stable-Baselines package for
Python was implemented [59].

s,a~ﬂ(-);5’~e[

3.2.2. Action-space design

The control action dictates the operational state of the HVAC system
for each control time step. The action space was configured as a discrete
set, with 4 options if the building is equipped with TES (AT£S) and 2
options (A) if not as reported in Equations (15) and (16):

A=[0,1] (15)
ATES =10,1,2,3] (16)

where 0 correspond to HP and TES are both off, 1 to HP provides thermal
input to the zone at the maximum thermal capacity, 2 to TES is charged
by the HP and 3 TES provides thermal input to the zone at the maximum
allowed discharge rate.

3.2.3. State-space design

The state-space includes all the variables employed by the DQN con-
trol agent to determine at each time step the control action capable to
maximize the stream of future rewards. Predicted external disturbance
data have been introduced to effectively address the control challenge.
In this paper, perfect predictions of external disturbances were fed to
the agents. It is worth noting that indoor air temperature, building de-
mand and storage SoC are influenced by the action selected by the agent,
which means that future values are not available, whereas the predicted
values of outdoor temperature and global irradiance were excluded to
avoid the curse of dimensionality. Table 1 reports observation spaces
for the proposed strategies.
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Table 1

Variables included in the state space.
Variable Timestep
Outdoor Temperature Yes t
Global Irradiance Yes t
Indoor Temperature Yes t
Building Demand Yes t
Occupancy Yes t, t+1, ..., t+24
Electricity price If ToU t, t+1, ..., t+24
PV generation If any t, t+1, ..., t+24
TES SoC If any t
BESS SoC If any t

3.2.4. Reward function design

The reward function evaluates how well the controller performs fol-
lowing its action choice at each time step. The reward function has two
terms. The first term aims at reducing the energy expenses associated
with the exchange of energy between the electrical grid and the system.
The direction of energy exchange with the grid is considered negative
when importing and positive when injecting. The second term is adopted
to evaluate the thermal comfort of the occupants. The reward function
was defined as in Equation (17):

{rm(l) =By q(t) - Coy () + PAT giscomport ™ if Egrig(t) <O
Teost(D) = A Egpi4(1) - Cyopy (1) + BAT s com pore (1) if Egpiq(1)>0

a7n
Where, Cy,,(t) and Cg,,(t) represent the pricing for purchasing and
selling electricity based on the schedule. The parameter « and f are
introduced to adjust the magnitude of the reward terms, and they are

regarded as hyperparameters of the DRL model. E,,,, is computed for
each building at each time-step according to Equation (18):

Egrid(t) = Elaad(t) - EPV(I) + Ein(t) - Eaut(t) (18)

AT iscomyors at time 7 is defined in Equation (19) for actively occu-
pied households during the cooling season:

SPluw_Tin ifTin<SPlaw
ATdi.\'comfart = T: - SPupp if Tin > SPupp (19)
0 if S Py STip S Py

Where SP,,,, is the lower temperature set-point and SP,,, is the upper
temperature set-point. Moreover, occupied households have a different
formulation of the thermal comfort, according to set-back temperature
as in Equation (20):

ATdiycomfort — { SPset—back - Tin if Tin > SPseI—back (20)
l 0 if SPSet—hack < 7—'in

Where S Py, _pqcx is the set-back temperature. Also, note that S P,,;_p,.x

during the cooling season is higher than SP,,,.

3.2.5. DRL training

The control policy of the DRL agent was trained on a model of the
proposed case study described in Section 4. Throughout the training pro-
cess, the control agent repeated the same episode for 30 times, allowing
it to gradually enhance its control strategy by exploring various trajec-
tories. This process was repeated over multiple times while selecting the
best hyperparameters for each building.

At the end of this process the trained agent was statically deployed
on the same episode to obtain the optimal/nearly optimal operation of
the system determined with a stable control policy for the whole period
under analysis. It is worth to mention that the objective of this phase
was not to evaluate the performance of the DRL controller neither inves-
tigating the capabilities of the trained agent in different conditions from
the training/deployment episode. The static deployment of a DRL agent
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was achieved by stopping the update of the parameters determining the
control policy and employing the actor network to select the optimal
control actions given the state of the environment.

3.2.6. Key performance indicators

This section presents the KPIs that are reported in Section 5. Comfort
violations are evaluated as the cumulative indoor temperature violations
across the whole simulation period. Equation (21) reports how comfort
violations are computed.

T K
ComfortViolations = Z z AT

discom fort (21)
=1 k=1

Where T is the total number of time steps, K is the total number of
members, and AT‘;’.k is the indoor temperature violations at time
.~ discomfort

step ¢ and building k.
The average daily Peak-to-Average ratio (PAR) is computed from the
net electricity exchange with the grid for each day as in Equation (22) to
measure how large the peak electricity load is relatively to the average

electricity load.

max

N
AverageDailyPAR = L Z < : >

—ar (22)
N P;w

i=1
Where N is the number of days of simulation, P/"** is the maximum
value of the whole REC electrical load during day i and P/"" is the mean
value of the whole REC electrical load during day i.

The Flexibility Factor (FF) metric is adopted to understand how
much of the energy is consumed during high price periods, and is de-
fined by Equation (23).

Etoral,offpeak _ Etotal,peak

FF = load load (23)

e
Where E;Z:j"’f reak and E;Z;‘:;’” eak are the total REC electricity demand
during off-peak price periods and peak price periods, and E;ZZ,’ is the
total REC electricity demand.

If electricity demand was the same in both low and high price pe-
riods, the FF is 0. A FF of 1 indicates that electricity demand during
high-price periods is null, while null electricity demand during low-price
periods means a FF of -1. Moreover, FF can be computed by consider-
ing the energy withdrawn by the REC rather than the overall energy
demand. In Section 5 both metrics are reported, and subscripted with
demand withdrawn.

4. Case study

The simulation entails setting up parameters for 50 residential build-
ings in Miami, Florida, for one week during the cooling season, spanning
from August 1 to August 8. The simulation operates with a 60-minute
time-step. Weather data for this simulation is obtained from the Python
pvlib module, which offers a Typical Meteorological Year customized
for each location. Also, the simulation adheres to the temperature range
outlined in ASHRAE Standard 55-2017 for the comfort range [60]. More
specifically, the comfort range goes from 24.55°C to 27.45°C with a
set-back temperature of 30 °C. The thermal features of the building en-
velopes are determined using data from the ECOBEE dataset, which is
matched to the location of the buildings analyzed (i.e., Florida). Par-
ticularly, r has a mean and a standard deviation of 17.9 h and 7.8
h, while and T;qG as a mean and a standard deviation of 12.8 °C and
6.4 °C [49]. For the cooling system, the supply water temperature is as-
sumed to remain constant at 7 °C for the specified operation mode. The
tes_sizing_factor is set to 2, which means that HP can charge TES in 2
hours.

The electricity price is retrieved from the data provided by ARERA,
which is the regulator of the energy markets in Italy [61]. ARERA re-
ported an average price of energy expenditure for residential households

10
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Table 2
Penetration rates of equipment and pricing schemes across all scenar-
ios.

Scenario Prosumers Consumers
ToU-NoTES 100% ToU, 0% TES
ToU-TES 100% ToU, 50% BESS, 50% TES 100% ToU, 100% TES
Flat-NoTES 100% Flat, 0% TES

during the last 12 months of 0.15 €/kWh, which is adopted as the flat
tariff. The ToU tariff is derived by setting a peak price 2.5 times higher
than the off-peak price, while keeping the same average price across the
week. Moreover, the timing of peak and off-peak prices is set according
to ARERA regulation. Fig. 6 shows the weekly pattern of the two pricing
schemes.

A group of 25 prosumers is defined with a BESS penetration rate of
50% which means that half of the prosumers have a BESS installed. Also,
the penetration rate for the TES is set to 50%. As a consequence a pro-
sumer in the REC may have both BESS and TES, only BESS, only TES
or none of them. All prosumers adopt the ToU tariff, while the price for
selling electricity to the grid is set to 0.05 €/kWh. A straightforward
RBC strategy is also embedded into the RECsim environment for all the
prosumers that have a BESS installed. Under this strategy, when there is
an excess of electricity generated by photovoltaic PV panels, the BESS
is charged; otherwise, it is discharged. This strategy has proven to be
very effective while being simple to implement. The prosumers config-
uration is kept fixed across all scenarios. The baseline and the proposed
advanced control strategies only impact on the HVAC electricity con-
sumption. The sharing of energy is allowed through a virtual scheme
and the main grid is considered always able to meet the community en-
ergy demand and to accommodate PV surplus generation. The group of
consumers is defined for three different scenarios that are discussed in
Section 3.1.

4.1. Scenario definition

The scenarios are defined according to the penetration rates of TES
and pricing schemes for the group of consumers.

Three scenarios are formulated based on consumer setups: The ToU-
NoTES scenario has consumers that operate under a ToU pricing scheme
without employing TES. In the ToU-TES scenario, all consumers em-
brace ToU pricing alongside TES adoption. The Flat-NoTES scenario
entails consumers under a flat pricing scheme, with no integration of
TES. Note that the scenario with flat tariff and TES availability is not
considered since that is relevant only in case of information exchange
between consumers and prosumers. In Table 2 the three scenarios are
summarized.

5. Results

The baseline and the proposed DRL control strategy were deployed
to operate the flexibility assets of the REC under various scenarios.

Fig. 7 shows the indoor air temperature evolution for a building of
community and it underlines the effectiveness of DRL in maintaining
an indoor temperature as close as possible to the upper temperature
set-point to reduce energy consumption. The horizontal red lines iden-
tify the lower and upper limit of the comfort range, while the yellow
shaded areas represent the occupied periods. Also, the indoor temper-
ature never raises above 30 °C thanks to the setback temperature. The
baseline is compared to the DRL controller for a single building of the
REC, but similar results emerged for other buildings. Note that the ther-
mal input to the zone is the same for RBC under Flat-NoTES and ToU-TES
scenarios. The difference between them is only given by the operation
of the TES which gives rise to a different electrical load profile.

As reported in Table 3, DRL outperforms RBC in terms of tempera-
ture violations and energy cost, with an average reduction of 79.6% and
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Fig. 7. Indoor zone temperature of baseline and DRL agent. Yellow-shaded areas refer to period of active occupancy.

Table 3
Comparison of KPIs.
ToU-NoTES Flat-NoTES ToU-TES

KPIs RBC DRL RBC DRL RBC DRL
Comfort violations [°C] 410.2 58.1 410.2 96.7 410.2 95.7
REC energy cost [€] 513.3 414.0 460.7 359.3 506.2 399.3
REC energy demand [kWh] 5365.9 4811.7 5365.9 4689.9 5673.8 4823.5
REC energy injection [kWh] 620.5 463.5 620.5 379.1 780.4 533.3
REC energy withdrawn [kWh] 2855.8 2144.6 2855.8 1938.4 3323.6 2226.2
REC Self-Sufficiency [ - ] 0.51 0.59 0.51 0.62 0.45 0.57
REC Self-Consumption [ - ] 0.87 0.90 0.87 0.93 0.82 0.88
Shared Energy [kWh] 1176.6 1085.4 1176.6 1167.5 1011.0 1037.9
FFppana [-1 0.15 0.06 - - 0.28 0.11
FF yparawn [ -1 0.61 0.70 - - 0.72 0.74
Av. daily PAR ratio [ - ] 2.23 2.04 2.23 2.22 2.31 1.93
Positive peak load [kW] 58.3 41.1 58.3 36.0 79.5 40.2
Negative peak load [kW] -34.5 -22.1 -34.5 -20.1 -38.0 -23.0

20.8%. Moreover with the implementation of DRL, Self-Sufficiency (SS)
and SC are increased by 21.7% and 6.2% on average in comparison to
RBC.

REC energy injection is computed as the total electricity generation
that is not self-consumed (i.e., not self-consumed by the prosumers and
not shared inside the REC), while REC energy withdrawn refers to the
total electricity consumption that cannot be covered by the whole REC
PV generation. The REC energy demand is the sum of SE, energy with-
drawn by the REC, and the total self-consumed energy of the prosumers.
This last contribution is assessed by evaluating the proportion of each
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prosumer PV generation that is used to satisfy their own electrical de-
mand.

The SE is calculated on a hourly basis as the minimum between the
total energy surplus from prosumers, and the energy withdrawn by con-
sumers plus prosumers unable to meet their needs with their own PV
generation.

On an hourly basis, the SE is calculated as the smaller value between
the total energy surplus from prosumers and the energy withdrawn of
both consumers and prosumers who cannot meet their own needs with
PV generation.
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Fig. 8. Load duration curve of the net energy exchange between the REC and the main grid.

DRL always reduces energy injection by 21.5% on average. Also,
the availability of thermal storage increase energy injection and energy
withdrawn.

SE shows an interesting behavior where it is reduced by DRL for
the ToU-NoTES scenario and the Flat-NoTES scenario while is slightly
increased under the ToU-TES scenario. Indeed, the ToU-TES scenario
is the worst option for SE that goes down to 1011.0 kWh and 1037.9
kWh for RBC and DRL, while a flat tariff provides the highest SE and
the lowest cost for DRL. Particularly, a flat tariff increases SE by 7.0%
for DRL, while remains constant for RBC.

Note that under RBC, the energy-related KPIs are the same for the
base case and the Flat-NoTES scenario since the electricity price only
affects the final energy cost.

Without ToU and a thermal storage, DRL can only exploit the build-
ing thermal mass as a flexibility source to reduce PAR, so that only
0.51% reduction is achieved with respect to RBC.

Storage availability increases PAR by 3.26% under RBC, while it is
reduced by 5.53% for DRL.

The availability of TES allows to increase F Fy,,,,,s by 0.13 and 0.05
points for RBC and DQN, respectively. Also, an advanced control policy
reduces FF,,,,,, compared to RBC, under both ToU-NoTES and ToU-
TES scenarios since the energy self-consumed by prosumers is increased
during peak price periods. On the other hand, FF, ;4 q0n 1S POsitively
impacted by an advanced strategy, with an increase of 0.09 and 0.02.

At each time step, the REC can withdraw or inject energy into the
grid. The maximum hourly electricity request and maximum hourly
electricity injection are relevant indicators for grid operators to assess
the grid compliance of the REC.

Fig. 8 shows the load duration curves computed from the hourly
net electricity exchange between the REC and the grid for each strat-
egy. The hourly net electricity exchange is calculated for each hour by
subtracting the total REC generation, which includes the contribution
from BESS, from the total REC demand. The solid lines identify the RBC
scenarios while the dashed ones identify the DQN scenarios. As pre-
viously mentioned, the electrical profiles for the RBC: Flat-NoTES and
RBC: ToU-NoTES scenarios are identical, as the RBC control does not
use electricity price as a state variable when there is no TES. Addition-
ally, the energy withdrawn and injection values in Table 3 correspond
to the areas under the load curve in Fig. 8, considering the positive and
negative parts of the curve, respectively.

As follows, the net electricity withdraw that is exceeded for 2.5% of
the time is defined as the positive peak load, while the net electricity in-
jection that is exceeded in absolute value for 2.5% of the time is defined
as the negative peak load.

12

DRL provided very similar results for positive and negative peak load
for each scenario with an average reduction of 43% and 34.2% with re-
spect to the RBC. The best performance is achieved under the Flat-NoTES
scenario with 29.5 kW and -15.87 kW for DRL and a reduction of 10.4%
and 8.0% with respect to the ToU-NoTES scenario, respectively. More-
over, the availability of the TES increases both positive and negative
peak load for RBC by 39.1% and 44.5%, while DRL even decrease posi-
tive peak load by 2.2%.

In Fig. 9 the average daily profile of the REC is reported, along with
SE. Generally, the DRL has a lower and a flatter profile. The availability
of the storage shift consumers consumption towards evening hours, thus
reducing SE for both the control strategies, while the flat tariff allows
DRL to consume more during high irradiance period and thus increase
SE.

Fig. 10 shows the withdrawn and injection profiles of only pro-
sumers. DRL leads to a reduction in the amount of energy injected by
prosumers, which means that the overall energy available for sharing
decreases. The same withdrawn and injection profiles occurred for pro-
sumers because across the three scenarios the prosumers configuration
is kept constant in terms of BESS and TES penetration, and electricity
price (see Table 2).

Fig. 11 shows how the total PV generation for the whole simulation
period is partitioned in four main components. Prosumers SC, SE, REC
injection and BESS losses. REC injection refers to the amount of PV gen-
eration that the REC is not able to self-consume. Prosumers that adopt
DRL strongly increases SC from 49.25% to 55.26% to reduce their en-
ergy expenditures and this eventually leads to lower REC injection. As
already noted, the ToU-TES scenario provides the higher electricity in-
jection, with 18.39% and 11.35% of the total PV generation respectively
for RBC and DRL. The lowest REC injection occurs for DRL under the
flat tariff scenario with 7.21%.

BESS losses slightly increase from 0.07% for RBC to 0.23% for DRL.
Moreover, the energy injected by the prosumers is constant across the
three scenarios since the BESS is not controlled by the DRL agents.

6. Discussion

The results presented in Section 5 highlighted some key aspects to
understand how the flexibility and the ability to exploit it impact on
grid-wide objectives in a REC.

The DRL agents are able to reduce energy demand, thus increasing
SS, but also to increase SC since they exploit energy from PV to operate
the HP of the prosumers. However, the DRL can increase SE only under
the ToU-TES scenario. This is given by the strong enforcement of RBC
to not operate the HP during peak price periods, while DRL may opt to
increase energy efficiency to reduce cost.
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Fig. 9. Aggregated profile of the whole REC for energy injection and withdrawn. The green shaded area represents the Shared Energy.
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Fig. 10. Aggregated profile of prosumers for energy injection and withdrawn. The green shaded area represents the SE as if only prosumers will join the REC.

DRL also showed a flatter profile with respect to the RBC; in fact, it
reduces the variance of the hourly load, and the negative and positive
peak load. No significant differences are reported across the scenarios
for DRL, while RBC is not able to manage the TES without rebounding
effect. Moreover, DRL shifts prosumer consumption toward high price
periods since they can rely on free energy from the PV, so that FF of the
whole REC is reduced.

Generally, DRL achieves superior performance in terms of energy
cost and grid compliance with respect to the RBC, even though SE is
decreased.

The availability of TES for consumers under ToU reduces the amount
of SE, since they will shift their consumption to evening hours, but at the
same time, it helps to reduce energy expenditure. This happens for both
RBC and DRL. Moreover, under RBC, the presence of the TES implies a
load shifting toward evening hours which gives the highest PAR, while
DRL has the lowest of all scenario.
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A flat tariff allows to consume more during irradiance period and
thus increasing SE under both control strategies. It also reduces en-
ergy cost, since energy consumption can not be fully shifted towards
low price periods. This is due to the fact that during the cooling sea-
son, the majority of energy demand occurs during periods of high price.
It is evident that the availability of the TES reduces energy cost only
with respect to the ToU-NoTES scenario. In terms of energy demand,
the adoption of TES has been found to increase overall energy demand
due to the round-trip efficiency and self-discharging losses inherent to
its operation. More precisely, the increase in energy demand is approx-
imately 2.8% and 5.7% between the ToU-TES and Flat-NoTES scenar-
ios for DRL and RBC, respectively. These values align with the overall
thermal storage efficiency. Ultimately, DRL only charges TES when it
is necessary to do so, while RBC charges TES for a longer duration,
thereby increasing thermal losses. Moreover, under Flat-NoTES, DRL
has no flexibility sources except for the building thermal mass to re-
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Fig. 12. Total energy cost of the whole REC for different levels of remuneration
of the SE.

duce PAR, so that only 0.51% reduction is achieved with respect to the
RBC.

SE may be remunerated through incentives schemes, since it relieves
the grid from the losses associated with the electricity transmission. In
this sense, total energy cost of the REC should account for the revenues
on SE. In Fig. 12, it is shown how total energy cost decreases as the level
of remuneration on SE increases. Nonetheless, DRL is always the best
option when considering typical remuneration schemes on SE available
across Europe [8].

An interesting conclusion can be drawn from the FF,,,,,,, which
may not be a proper KPI, considering its definition, to assess REC per-
formance when PV is the system adopted to produce renewable energy
and electricity price is higher during high irradiance periods. DRL shifts
prosumer consumption toward high price periods to rely on energy from
the PV. For this reason, FF,, can be a better indicator for REC
performance.

To summarize the main findings, the study concludes that with the
growing penetration of distributed PV and advanced control strategies,
the typical ToU tariffs where a peak price occurs during the daylight
should be revised. Additionally, combining thermal storage with ToU
tariffs is expected to have further negative effects, indicating that such
technology would benefit more from an advanced pricing structure and
a coordinated control framework, despite the complexity of information
exchange involved.

ithdrawn
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Some limitations of this study can also be broken down. First of all,
the analysis is limited to the cooling season, and conclusions may dif-
fer during the heating season, whose consumption patterns can have
a different synchronization with PV generation. Also, simple modeling
techniques have been used, that do not take into account thermal stor-
age stratification, the dependence of the HP efficiency on modulation
and temperature gradient inside the buildings thermal zones. However,
overall efficiency of the energy systems that are simulated in this study
could only partially alter the outcomes given that the trends that are
highlighted are pretty clear. Different design strategies could also alter
system behavior.

Sensitivity analysis of PV-BESS systems can be conducted to deter-
mine how design and control strategies can be integrated to promote
specific REC behavior.

7. Conclusions

In this research paper, the role of advanced control architecture for
exploiting the integration of RES into residential buildings through the
concept of REC was explored. The integration of RES into the REC con-
cept presents an opportunity to achieve decarbonization objectives, but
it requires careful management to ensure grid reliability and stability.
The aggregation of buildings enhances energy flexibility, which is es-
sential for accommodating the variable nature of RES. In this context,
this work aimed to explore the impact of decentralized advanced control
strategies on community-wide performance and grid reliability, under
scenarios with different flexibility assets.

The simulation in this study involved 50 residential buildings in
Miami, Florida, over a week during the cooling season. Buildings en-
velopes, occupancy patterns and energy systems like PV, BESS and cold
TES are diversified across the building stock to depict a realistic sce-
nario. Prosumers adopted a ToU tariff and had penetration rates of 50%
for both BESS and TES. Three scenarios according to consumers config-
uration were conceived: the ToU-NoTES scenario represented a scenario
where consumers operate under a ToU pricing scheme, without any TES
adoption. In the ToU-TES scenario, all consumers adopted ToU pricing
and TES. The Flat-NoTES scenario considered consumers under a flat
pricing scheme, with no TES adoption.

The study focused on analyzing the shift from the current energy
management strategies of HVAC system, that are typically based on sim-
ple rules, to more advanced control strategies under high penetration of
PV generation.

This analysis of the proposed scenarios has revealed several key find-
ings and insights:
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- Efficient control strategies, such as DRL, result in lower energy de-
mand by 12.6% and lower energy cost by 20.8%, while increasing
SS by 0.09 points and SC by 0.05 points, with a negligible impact
on the amount of SE. The cost savings can justify the adoption of
these strategies, and at the same time DRL can be seen as a more
grid compliant strategy regardless the availability of thermal stor-
age and of ToU pricing schemes.

A flat tariff scheme allows consumers to increase their demand dur-
ing periods of PV generation, which is favorable in a REC. This
leads, under DRL, to a lower energy demand by 12.6%, and an in-
crease of SS, but also electricity export from REC to grid is reduced
by 18.2% in comparison to a ToU tariff scheme. Nonetheless, in
this scenario, DRL does not provide a strong reduction of the PAR
compared to RBC. As the penetration of PV and advanced control
strategies increases, this study suggests that the adoption of ToU
tariffs should be reduced as opposed to the trend that was occur-
ring in the previous years.

The adoption of TES concurrently with ToU for consumers reduces
not only the total SE, but also SS and SC of the REC. The flexi-
bility provided by the thermal storage is exploited to shift energy
consumption to evening hours, thus reducing cost compared to
ToU-NoTES scenario. Moreover, RBC is not able to manage the stor-
age properly, causing a rebound effect, while an advanced strategy
can even reduce the PAR with respect to the other scenarios. In
conclusion, further detrimental effects are expected when coupling
thermal storage with ToU tariff, which suggest that this kind of
technology should be coupled with more advanced pricing struc-
ture and with coordinated control framework at the expenses of a
more complicated information exchange.

In conclusion, this paper explored advanced energy management and
control strategies for residential REC, aiming to exploit energy flexibility
and reduce reliance on external sources. It highlighted the importance
of advanced control strategies and their potential benefits for grid op-
erators and EC members. The choice of control strategy within the REC
framework depends on the specific objectives, considering factors such
as energy cost, comfort, and SC. The activation of the building flexibil-
ity should be driven by a more advanced pricing strategy that takes into
account both distributed and centralized energy generation. The estab-
lishment of a REC needs to take into account equipment, control policy
and pricing scheme. A holistic approach to REC design and operation is
then advisable to foster energy efficiency, cost savings and grid compli-
ance.

Some limitations of this study can be discussed, including the focus
on the cooling season, and design of available technologies. In this sense,
the integration of different control strategies during the design phase
may help to reduce investment cost.

Advanced control strategies like DRL are still under investigation as
regarding to their effective implementation in real buildings. The need
for source data to train the agent is currently the major barrier for this
kind of control algorithms. Transfer Learning techniques are expected
to become more effective at transferring knowledge and, eventually to
foster the spreading of model-free controllers.

Future research could implement more accurate modeling to further
increase reliability, explore REC behaviors during the heating season
and examine various design strategies to optimize REC performance, as
well as study the information exchange between consumers and pro-
sumers.
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